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Abstract: Climatic variations caused by the excessive emission of greenhouse gases are likely
to change the patterns of precipitation, runoff processes, and water storage of river basins.
Various studies have been conducted based on precipitation outputs of the global scale climatic
models under different emission scenarios. However, there is a limitation in regional- and local-scale
hydrological analysis on extreme floods with the combined application of high-resolution atmospheric
general circulation models’ (AGCM) outputs and physically-based hydrological models (PBHM).
This study has taken an effort to overcome that limitation in hydrological analysis. The present
and future precipitation, river runoff, and inundation distributions for the Lower Mekong Basin
(LMB) were analyzed to understand hydrological changes in the LMB under the RCP8.5 scenario.
The downstream area beyond the Kratie gauging station, located in the Cambodia and Vietnam
flood plains was considered as the LMB in this study. The bias-corrected precipitation outputs of the
Japan Meteorological Research Institute atmospheric general circulation model (MRI-AGCM3.2S)
with 20 km horizontal resolution were utilized as the precipitation inputs for basin-scale hydrological
simulations. The present climate (1979–2003) was represented by the AMIP-type simulations while
the future (2075–2099) climatic conditions were obtained based on the RCP8.5 greenhouse gas
scenario. The entire hydrological system of the Mekong basin was modelled by the block-wise
TOPMODEL (BTOP) hydrological model with 20 km resolution, while the LMB area was modelled by
the rainfall-runoff-inundation (RRI) model with 2 km resolution, specifically to analyze floods
under the aforementioned climatic conditions. The comparison of present and future river
runoffs, inundation distributions and inundation volume changes were the outcomes of the study,
which can be supportive information for the LMB flood management, water policy, and water
resources development.
Keywords: climate change; flood hazards; high-resolution AGCM; inundation analysis; Lower Mekong
river basin
1. Introduction
Reports published by the Intergovernmental Panel on Climate Change (IPCC) [1,2] have
mentioned that the intensity and frequency of heavy precipitation will increase in the future due
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to climate change. The projections given by the IPCC reports were based on simulation results from
several general circulation models (GCMs), and many studies have assessed changes in hydrological
characteristics due to climate change by using those GCM outputs. Such changes may be catastrophic
by the end of the 21st century due to climate change impacts unless sustainable mitigation actions
are not taken in a prompt manner. Researchers suggest that there is a high possibility that the
frequency and magnitude of flood disasters will increase globally [2–4]. Therefore, quantitative and
qualitative assessments of changes in flood characteristics under climate change in river basins are
critically important, and are strongly requested by policy-makers, river engineers, and flood fighters
for practical river basin management against increasing flood risk. In this context, a study of future
extreme flood events is essential. Overwhelming emissions of greenhouse gases are likely to alter the
global climate and, consequently, the hydrological characteristics of river basins would be affected
significantly, causing severe droughts and floods. Changes in patterns, intensity, and frequency of
precipitation should be assessed to understand future extreme floods more deeply because such climate
variations are threats to the existence of all ecosystems. Understanding of future rainfall and river
discharge variations, trends, and volumes is also essential, considering the impacts on river basins
from extreme floods, long-lasting droughts, water storage, and other events due to climate change.
Flood risk management procedures that are carefully designed will benefit communities vulnerable to
extreme floods in the future. Scientific understanding of climatic conditions and technical advances in
climatic and hydrological modelling can make climate change studies more sophisticated and rational.
GCMs are used as the main tool to produce climatic variables under various greenhouse gas
emission scenarios. Past, present, and future conditions of climatic variables can be produced
by GCMs under given various driving forces. Still, their future predictions remain uncertain
to some degree due to uncertainties in the emission scenarios [1]. Moreover, factors, such as
limited spatial resolutions, simplified physics and thermodynamic processes, numerical schemes,
or incomplete knowledge of climate system processes can increase the uncertainty of the GCM
outputs [5]. Uncertainties arising from GCMs and emission scenarios have been investigated by
several studies [6–9]. Despite uncertainties in GCM predictions, their approximations for future
climatic conditions are still useful to understand and prepare for possible future climatic hazards.
Studies have shown that possible impact of climate change varies significantly, depending on
the selection of emission scenarios [10,11]. The IPCC 5th Assessment Report (AR5), published in
2013, introduced “Representative Concentration Pathways (RCPs)” as a new set of greenhouse gas
emission scenarios. There are four RCPs, namely, RCP2.6, RCP4.5, RCP6.0, and RCP8.5. Those RCPs
were determined considering the possible range of radiative forcing values (W/m2) in the year 2100,
with their numbers referring to low, intermediate, moderate, and excessive levels of greenhouse gas
emissions. RCP8.5 corresponds to the highest greenhouse gas emissions pathway among the four.
Its main assumptions are relatively slow income growth, high population, modest rates of technological
advances, and high energy consumption which leads to long-term high emissions of greenhouse gases
in the absence of climate change policy [12]. It is termed as the ‘baseline’ scenario since no other
specific climate mitigation targets are included in RCP8.5. Therefore, the RCP8.5 scenario should be
used in a study where the most extreme disasters under climate change are analyzed.
GCMs are generally recognized as capable of producing global climatic parameters reasonably
well. However, they are not advanced enough to produce accurate climatic parameters on a local
or regional scale due to their coarse resolutions. Hence, the application of different downscaling
techniques is inevitable to use coarse-resolution GCM outputs. Basically, two categories of
downscaling techniques, i.e., statistical downscaling and dynamical downscaling, are commonly
used. Dynamical downscaling extracts regional-scale information from coarse-resolution GCMs and
produces regional climatic dynamics [13]. Statistical downscaling develops empirical relationships
between local climate variables (e.g., surface air temperature and precipitation) and large-scale
predictors (e.g., pressure fields), and applies those relationships to GCM outputs [14]. The comparison
of those two techniques and their merits and demerits are explained in several studies [15–17].
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Uncertainties caused by coarse-resolution GCMs and limitations of downscaling techniques
can be minimized by utilizing super high-resolution GCM outputs. To this end, the 20 km
high-resolution atmospheric general circulation model (AGCM), a state-of-art AGCM developed
by the Meteorological Research Institute of Japan and commonly called MRI-AGCM3.2S [18,19], can be
utilized to produce future climatic conditions without conducting downscaling. It covers the entire
globe with 20 km spatial resolution and its model output is highly expected to serve for improving
flood impact assessment.
Even though various studies have been conducted using climatic models, more research on
regional- and local-scale hydrology should be conducted through the combined application of
high-resolution AGCMs and physically-based hydrological models under extreme climatic conditions.
To this end, the application of high-resolution MRI-AGCM3.2S precipitation outputs for RCP8.5 with
a physically-based river runoff model and a flood simulation model is ideal to study future extreme
flood events. This study was planned to analyze future possible extreme floods by applying this
ideal combination to the Lower Mekong Basin (LMB). In the recent past, several studies discussed
the climate change impact on the Mekong basin [20–24]. However, those studies aimed to elaborate
climate change by only considering rainfall or river runoff variations under different climate scenarios,
and less effort has been devoted to simulating floods in the Mekong basin considering the RCP8.5
scenario, which projects extreme flood events. Moreover, previous studies have used climatic models
with coarse resolutions, which require downscaling. This study was conducted to overcome such
limitations in previous studies.
This study analyzed the climate change impact on the LMB in a cross-boundary region
of Cambodia and Vietnam, which lies downstream of the Kratie gauging station (Figure 1),
utilizing bias-corrected 20-km high-resolution MRI-AGCM3.2S precipitation outputs with two
physically-based hydrological models named the block-wise TOPMODEL (BTOP) [25] and the
rainfall-runoff-inundation (RRI) model [26]. We produced inundation maps for different climatic
conditions, and analyzed river runoffs, rainfalls, and inundations in the LBM for time durations
defined by MRI-AGCM3.2S, i.e., present (1979–2003) and future (2075–2099). Flooding in the LMB
causes intolerable difficulties to people living in vulnerable areas, causing human casualties in some
cases, and imposes damage to agriculture, fisheries and physical properties. Therefore, it is essential
to identify flood events in the future and assess the possible hydrological impacts they may cause.
Assessment results will provide insights to update existing plans and policies for agriculture, fisheries,
and future developers to build a more resilient basin community.
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Figure 1. Study area and river gauging stations (a) Mekong River Basin (BTOP model domain) , (b)LMB
area (RRI model domain), and (c) LMB land use map used in RRI model.
2. Study Area
The Mekong River is the 12th largest river in the world with the largest river basin in
Southeast Asia, which expands across six riparian countries of China, Myanmar, Laos, Thailand,
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Cambodia, and Vietnam. It is also the seventh longest river in Asia with a length of about 4620 km.
The hydrological nature of the basin is governed by the monsoon climate, generating a mono-peak
flood pulse during the monsoon season from July to September. The Mekong River extends from
the Tibetan Plateau in China to the Mekong Delta in Vietnam. The river basin is located between the
latitudes of 8◦ N to 34◦ N and the longitudes of 94◦ E to 110◦ E. The alpine climate prevails in the
northern part of the basin, and a large tropical floodplain lies in the downstream part of the basin.
The basin area is approximately 795,000 km2 and its annual average discharge to the South China Sea
is 475 km3. Geographically, the basin can be divided into upper and lower parts. The upper part has a
steep slope from the headwaters, while the river bed is more or less flat along the slope from Kratie to
the ocean through the Mekong Delta shared by Cambodia and Vietnam. The lower part of the basin
belongs mostly to a tropical monsoon climate zone, where the year is divided into dry and wet seasons.
The wet season lasts from approximately early May to October, and the dry season from November
to April. The wet season climate is dominated by the summer monsoon, arriving partly from the
southwest and partly from the southeast. The uppermost part of the basin is located on the Tibetan
plateau, where the precipitation pattern is similar to that in the lower part of the basin with most
of the precipitation occurring during the summer. Due to lower temperatures at higher elevations,
the precipitation during winter falls mainly as snow. Due to the monsoonal climate and the steepness
of the river bed in the upper basin, the hydrograph of the Mekong River is single-peaked with large
differences between high and low flow values. Average annual precipitation from 1964–2005 in the
basin ranged from 850 mm to 2500 mm [27]. The flood season in the Mekong River Basin lasts from
June to November and accounts for 80–90% of the total annual flow [28]. The annual flood season
is especially important for the LMB because it shapes the environment and inhabitants in the basin.
The LMB, the focus area of the present study, is shown in Figure 1a,b, which also illustrates respective
model domains for the river runoff model of BTOP and the inundation simulation model of RRI.
3. Methodology and Models
3.1. Methodology
The most widely used approach in simulating the hydrological impacts of climate change is to
combine GCM outputs with hydrological models. The proposed methodology in this study employs
models with different scales to simulate climate change impact on the LBM. The global-scale AGCM,
the regional-scale BTOP model, and the local-scale RRI model were employed to analyze plausible
future extreme flood situations. Cascade linking of global-, regional-, and local-scale models has been
proven productive in carrying out inundation simulations and hydrological assessments for the LMB,
which is systematically explained in Figure 2.
The MRI-AGCM3.2S precipitation outputs based on the RCP8.5 scenario were utilized for the
future climate simulation in this study while the present climatic simulation was conducted using
MRI-AGCM3.2S under the AMIP-type scenario [29]. The horizontal grid size is about 20 km in
MRI-AGCM3.2S [19,30]. While the resolution is satisfactory for regional-scale hydrological modelling,
the MRI-AGCM3.2S precipitation still has bias. However, MRI-AGCM3.2S precipitation can be
bias-corrected without modification of its horizontal resolution, which is the main advantage of the
MRI-AGCM3.2S dataset. According to Chen [31], in the process of studying climate change impact,
the main uncertainties are from GCMs and downscaling. GCMs provide information at a resolution
that is too coarse to give results that can be used directly in hydrological modelling [32]. In this
study, however, that was not an issue due to the utilization of 20-km high-resolution AGCM outputs.
BTOP, a physically-based hydrological model, was used to simulate river runoff for the present and
future periods based on bias-corrected 20-km MRI-AGCM3.2S precipitations for the entire Mekong
Basin. BTOP-simulated daily river discharges for present and future at Kratie station were used as the
boundary condition for the RRI model, which simulated LMB floods with relevant rainfall. Considering
the computational time, available resources, and the physically-based nature of the BTOP model, it
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was selected to perform the simulation for the entire Mekong Basin at a 20-km regional scale. The RRI
model, which is more sophisticated in simulating river runoff and inundations under the diffusive
wave model framework, however, needs a longer computational time and, thus, was employed only
for the LMB area with a 2-km gridded model at a local scale. Figure 1a,b illustrates the respective model
domains for the BTOP and RRI models. The RRI model simulated the river flow system downstream
of the Kratie station. The flow system consisted of flow reversal in the Tonle Sap River, bank overflows,
flood occurrences due to river runoff and rainfall, and varying inflows from Kratie station (as the
boundary condition).
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The study utilized observed and calculated datasets for precipitation and river runoffs.
The observed precipitation data from the time period of 1951 to 2007 was obtained from the
Asian Precipitation—Highly-Resolved Observational Data Integration towards Evaluation of Water
Resources—APHRODITE [33], which is a gridded daily precipitation dataset based on rain gauges in
sia. The ata are in the resolution of 20 km. APHRODITE was developed by t e Japan Meteorological
Agency and the Meteorological Research Institute of Japan, which succeede the APHRODITE
project [33–35], an observational datas t of daily precipitation an the prototype of gridded daily rain
gauge atasets on the lobal land surface. The hydr lo ical models used in this study were calibrated
to the observed daily discharge data received from the Mekong River Commission (MRC).
3.2. MRI-AGCM3.2S
MRI-AGCM3.2S has th finest AGCM re olution so far availa le and its outputs have been
used i sev ral studies to project future climatic conditions [36–38]. The model is based on a
hy rost tic primi ive equation system using a spectral transform metho spherical harmonics [19].
MRI-AGCM3.2S data were made available for the present and future, each of which was a 25-year
period of 1979–2003 and 2075–2099, respectively. An Atmospheric Model Inter-comparison Project
(AMIP)-type [29] simulation using the observed boundary conditions from 1979 to 2003 was treated
as the present climate experiment outputs, labelled as “SPA_m01” in this study for the present.
The sea surface temperature (SST) is used in the MRI-AGCM3.2S as the temperature boundary
condition. For the future climate experiments under the RCP8.5 greenhouse gas emission scenario, four
different SST distributions from 28 coupled models in Couple Model Inter-comparison Project Phase 5
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(CMIP5) [39] were considered. As explained in Mizuta [18], it is expected that an AGCM generates
different precipitation distributions as a response to different SST distribution. Considering different
SSTs, the SST uncertainty under the RCP8.5 emission scenario can be assessed.
The RCP8.5 future climate projections from 2075 to 2099 with the SST distributions were grouped
as Cluster 1, 2, 3, and Total (28-model average), which were respectively labelled as “SFA_rcp85_c1”,
“SFA_rcp85_c2”, “SFA_rcp85_c3”, and “SFA_rcp85” [18] in this study. These clusters represent different
sets of SSTs. Cluster 1 (eight-model average) is characterized by a nearly uniform warming in the
northern and southern hemispheres; Cluster 2 (14-model average) shows an El Nino-like pattern with
a larger warming belt in the central equatorial Pacific; Cluster 3 (six-model average) is dominated
by a larger warming in the northern hemisphere than in the southern hemisphere; and Total is the
intermediate between the clusters [18]. These characteristics of the four clusters are explained by
Mizuta [18].
MRI-AGCM3.2S precipitation outputs were corrected for their bias using a statistical method
developed by Inomata [40]. The statistical method appropriately corrects biases in both monthly and
extreme daily precipitations. The concept of the bias correction method is to adjust the probability
distribution of GCM daily precipitation to that of its observed counterpart. The method was tested for
the Yoshino River basin of Japan, and the results showed appropriate corrections of GCM biases in
both monthly and extreme daily precipitations. Datasets of daily precipitation bias-corrected using
this statistical method have been widely used for hydrological model simulations and risk assessments
to assess the climate impacts of floods and droughts in Asia [41–43].
3.3. BTOP Mode
The BTOP model is a distributed hydrological model, which was developed based on the
TOPMODEL [25,44,45]. This model uses a topographic index with a block-wise concept and simulates
watershed-scale rainfall runoff processes, including snowmelt, overland flow, soil moisture in the
root zone and unsaturated zones, subsurface flow, river flow routing, and dam operation. For
river flow routing, a modified Muskingum-Cunge (MC) routing method is integrated to conserve
water at each river segment [46]. The detailed description of the BTOP model is provided by
Takeuchi [25,45]. Until now, the BTOP model has been employed in various hydrological applications,
such as large-basin long-term simulations [47], poorly or ungauged basins [25,45], flood hazard
assessment [48], drought analysis with standardized indices [49], dam operation for flood and
drought reduction [49–51], now-casting, basin-scale scenario analyses of future projection on
hydro-meteorological conditions [52], and nutrient loading [53]. The BTOP model, employed in
the present study, covered the entire Mekong Basin under 20 km resolution, and it was calibrated and
validated for the river runoff at the Pakse gauging station (Figure 1).
3.4. RRI Model
The rainfall-runoff-inundation (RRI) model is a two-dimensional model which is capable of
simulating rainfall-runoff and flood inundation simultaneously. The model deals with slopes and
river channels separately [26,54]. At a grid cell, in which a river channel is located, the model assumes
that both the slope and river are positioned within the same grid cell. The channel is discretized
as a single line along its center line of the overlying slope grid cell. Figure 3 depicts a schematic
diagram of the RRI model’s concept of the river channel and the slope. The flow of the slope grid
cells is calculated with a two-dimensional diffusive wave model, while the channel flow is calculated
with a one-dimensional diffusive wave model. For better representation of rainfall-runoff-inundation
processes, the RRI model simulates lateral subsurface flow, vertical infiltration flow, and surface
flow. The lateral subsurface flow, which is typically more important in mountainous regions, is
treated in terms of the discharge-hydraulic gradient relationship, which considers both saturated
subsurface and surface flows. On the other hand, vertical infiltration flow is estimated by using
the Green-Ampt model [55,56]. The flow interaction between the river channel and the slope is
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estimated based on different overflowing formulae, depending on water-level and levee-height
conditions. A storage cell-based inundation model [57] was used to calculate lateral flows on
slope grid cells. The model equations were derived based on the following mass balance equation,
momentum equations, and gradually-varied unsteady flow. The RRI model setup and its equations
are explained in Sayama [26,54]. The various applications of the RRI model in hydrological studies can
be found in several studies [26,41,54,58,59].
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h = height of the water from the local surface
qx, qy = unit width discharges in x and y directions
u, v = flow velocity in x and y directions
r = rainfall intensity
f = infiltration rate
H = height of the water from the datum
ρw = density of water
g = gravitational acceleration
τx, τy = shear stress in x and y directions
n = Manning’s toughness parameter
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4. BTOP and RRI Model Setup for the Study Area
4.1. BTOP Model Application
Magome [42] calibrated and validated the BTOP model for the entire Mekong basin considering
the observed and simulated river runoff at the Pakse gauging station (Figure 1). The river network
dataset, used in the BTOP modelling for the whole Mekong basin, was up-scaled from 3-arcsec (~90 m)
HydroSHEDS [60] to 10 arcmin (~20 km), while preserving river network features, the up-stream
catchment area, and river length and slope calculated from the original HydroSHEDS, which employed
the river-network upscaling algorithm developed by Masutani and Magome [46]. Land cover data
from the USGS International Geosphere-Biosphere Program (IGBP) and soil type data from the Food
and Agriculture Organization soil map [61] were used for the root zone depth and soil properties.
Precipitation data were used from APHRODITE [34] for calibration and validation. The CRU TS3.1
climate forcing data [62], a fourteen-day global Normalized Difference Vegetation Index (NDVI) dataset
from the Global Inventory Modelling and Mapping Studies (GIMMS) [63], were used to simulate
long-term potential evapotranspiration using the Shuttleworth-Wallace model. Model parameters,
dischargeability D, decay factor m, drying function parameter α, Manning’s coefficient n, and the
groundwater parameter b, were tuned during the calibration for reasonable performance using
observed discharge time series of Pakse station, provided by the Mekong River Commission. The BTOP
model was calibrated for the period of 11 years from 1980 to 1990 and validated for a 10-year period
starting from 1991. The Nash-Sutcliffe Coefficient (NSC) was estimated to be 86.9% and 90.3% for
calibration and validation, respectively [43].
4.2. RRI Model Application
The resolution corresponded approximately to 2.0 km × 2.0 km in the RRI model developed
for the LMB. The model domain for the LMB was about 187,000 km2. As the model was being set
up, the digital elevation model (DEM), flow direction, and flow accumulation were delineated from
HydroSHED’s 30 s resolution [55] and up-scaled to a 60 s (~2 km) resolution [64]. Other model inputs
were precipitation, potential evapotranspiration, and river channel dimensions. Four land-use types,
i.e., forests, agricultural lands, wetlands, and water bodies, were considered in the LMB inundation
simulation as shown in Figure 1c.
The model parameters adjusted during the calibration process include: hydraulic conductivity k,
Manning’s roughness for the river bed nr, and Manning’s roughness for the slope ns. The Manning’s
roughness coefficients used in this study were based on the different land use types, as illustrated in
Chow [65]. RRI model parameters were manually tuned until the simulation discharges reasonably
matched the observed values. The RRI model was calibrated for river runoff and inundation
distribution. Figure 4 depicts simulated and observed daily discharges for the selected stations
named Kampong Cham, Prak Kdam, Chroy Changver, Neak Luoung, and Koh Khol (Figure 1).
The model performance for the calibration and validation processes was estimated using the relative
root mean squire error (RRMSE), Nash-Sutcliffe Coefficient (NSC), and coefficient of determination
(R2), as shown in Table 1. The estimated model performance indicators for the model calibration
and validation showed acceptable values relative to the optimal value of each index. The RRI model
was able to achieve the flood peak in all the simulated flood events reasonably. Prek Kdam is at a
special location, where the river flows towards the Tonle Sap Lake during the flood season, and in
the reverse direction during the dry season. Tonle Sap is the largest freshwater lake in Southeast
Asia which covers an area of 8800 km2. At Phnom Phen, Cambodia, it connects to the mainstream
of the Mekong River. According to the Cochrane [66], the volume of water flowing into Tonle Sap
from the Mekong mainstream during the rainy season (June to October) is nearly six times greater
than the volume of water during the dry season (November to May). The Prek Kdam’s discharge
direction varies according to the season and it was correctly simulated by the RRI model. The
discharge towards the Tonle Sap during the rainy season is indicated by negative values, while the
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discharge in the mainstream during the dry season is considered as positive, as shown in Figure 4.
The RRI model was able to simulate the water flow from the Tonle Sap Lake correctly according
to the obtained results for the Prek Kdan station. Since the river flow division of the Bassak River
was not exactly known, combined discharges of Koh Khel and Neak Luong were considered in the
calibration and validation. Kampong Cham, Chroy Changver, Neak Luong, and Koh Khol stations
show very good error estimations, while Prek Kdam shows relatively poor error estimations due to
the dynamic nature of its location. The justification of the inundation distribution simulated by RRI
was carried out by comparing the inundation maps published by MRC for 1998 (dry year) and 2000
(flood year). Comparison of the inundations in these two years showed reasonable matches with the
MRC published figures.
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Table 1. Performance indicators for RRI simulated river runoff of selected gauging stations in the LMB.
Performance
Indicators
Kampong Cham Prak Kdam Chroy Changver Neak Luoung + Koh Khol
Calibration Validation Calibration Validation Calibration Validation Calibration Validation
RRMSE 0.16 0.14 2.14 3.47 0.12 0.16 0.25 0.21
NSC 0.96 0.98 0.67 0.65 0.97 0.93 0.82 0.92
R2 0.96 0.99 0.72 0.72 0.97 0.97 0.93 0.95
5. Discussion
Variability, trend , and hifts in precipitation re crucial in assessing climate change impacts on
water availability, floods, droughts, and agricultural productivity. Several basic st istical and physical
pr perties of rainfall should be consid red in c aracterizing the vari bility f rainfall in the context of
climate chang [67]. As far as the i ter-annu l variability of the Mekong River B sin’s precipitation
is concerned, 25-year verage and ±σ (stand rd deviation) were selected to ill strate the variability,
as shown in Figure 5. The variability increases as the precipitation increases. However, both in the
present and future cases, the maximum monthly averaged precipitation occurs in August and the
variability is higher in the future than in the present. The ratios of the maximum average values of the
precipitation in the future to that value in the present were calculated for SFA_rcp85, c1, c2, and c3
and achieved as 1.07, 1.02, 1.07, and 1.06 for the respective scenarios. A similar pattern occurs in the
25-year averaged monthly discharge at Kratie, as shown in Figure 6. The maximum monthly average
discharge for each scenario takes place in September. When the discharge increases, the variability also
rises. Among all the cases, SFA_rcp85 shows the highest peak average values. The increment ratios of
the monthly averaged discharges at the Kratie station for the future relative to those for the present
were 1.18, 1.09, 1.14, and 1.14. SFA_rcp85 and c2 scenarios show the highest ratios in both precipitation
and monthly averaged discharge at Kratie.
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According to the RRI simulation results for the B, fi t t i
distribution can be observed in the RCP8.5 f ture i undation distributi n o puts compared with
the AMIP-type present experiment. Each MRI-AGCM3.2S dataset compris s 25 years’ wor h of data.
Figure 7a shows a 25-year averaged inundation distribution for the SPA, present case, while the
other four figures are on the order of (b–e) illustrate the 25-year averaged inundation distributions
for the scenarios of SFA_rcp85, c1, c2, and c3. The increment ratios in inundation extent in future
climatic conditions were calculated by dividing the future inundation areas (SFA) by the present (SPA)
inundation area. Compared to the present AMIP-type experiment, the future inundation areas are in
the ratios of 1.34, 1.26, 1.35, and 1.24, respectively, for RCP8.5 experiments with four SST distributions
(Table 2). The increment ratios for the inundation distributions provide an alarm for future extreme
flood events which may occur due to climate change. Figure 8 illustrates the maximum inundation
for each 25-year dataset. The SFA_rcp85 case shows the highest maximum inundation distribution
among the simulated datasets. The increase in inundation vulnerability of Phnom Penh, the capital of
Cambodia, is significant, according to the obtained inundation results for Future. The Mekong Delta
(MD), which is of ~55,000 km2 area and located downstream of Phnom Penh, will be at high flood
risk according to the obtained results. Of the 60 million people living in the LMB, about 40% live
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within a 15 km range along the Mekong River with most within a 5 km range from the mainstream.
The communities located within 5 km from the mainstream have high exposure to floods, and their
flood risk will be higher in the future, according to the obtained results. Although minor and moderate
floods are advantageous to agriculture and fisheries in the MD area, future extreme rainfalls and floods
may cause severe damage to infrastructure, agriculture, transportation, and community properties
in the MD area. The obtained flood increment ratios indicate possible future flood risk in the MD
and provide insights for policy-makers to take actions to protect communities in the MD through the
introduction of flood mitigation and risk reduction actions.
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Inundation area 1.34 1.26 1.35 1.24
Specific discharge volume at Kratie 1.25 1.16 1.21 1.21
Specific inundation volume 1.60 1.30 1.52 1.29
Cumulative rainfall 1.11 1.09 1.10 1.11
According to Figure 9, for the future experiments, the increase in cumulative rainfall is nearly the
same; however, the river runoff and inundation volumes show considerable increments. The main
reason for this situation is the intensity, distribution of rainfall across the basin, and the variability of
rainfall, as explained in Figure 5. Even the increment ratios of cumulative rainfall spread in a narrow
range due to their distributions and intensities, and the river runoff and inundation generations are
different. This phenomenon should be further analyzed as the next step of the study.
The specific discharge volume for Kratie’s river runoff was calculated by dividing the 25-year
averaged discharge volume by the upstream basin area of the Mekong. The Kratie’s river runoff
volume has a significant impact on the LMB flood generation. Therefore, understanding its increment
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in the future is a good indicator to identify extreme climatic conditions anticipated in the future.
Figure 10 illustrates the cumulative specific runoff volume at Kratie for the present and future climatic
experiments. The most important indicator of the LMB flood, and the inundation volume averaged for
25 years for the present and future experiments are also summarized in Figure 10. The total volume,
which can cause an inundation of over 0.5 m deep was considered in calculating the inundation
volume. This was converted to a specific volume by dividing the LMB basin area. The two figures
(Figures 9 and 10) show significant increments in rainfalls, river runoffs and inundation volumes
relative to the Present-SPA_m01 climatic condition. Among the four future climatic experiments,
SFA_rcp85 shows the highest increment compared to SPA_m01. The SFA_rcp85 cumulative basin
rainfall increased by 135 mm compared to SPA_m01. The increment in discharge at Kratie under
SFA_rcp85 was 115 mm, and the increment in inundation volume under SFA_rcp85 was 68 mm relative
to the present. Such increased water volumes are a very clear indicator to identify future extreme flood
conditions in the LMB region.
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Table 2 summarizes the comparison of present and future rainfall, Kratie’s river runoff, and LMB
inundation volume increments as ratios. The highest ratio in each category comes from the ratio of
t e SFA_rcp85 scenario. The inundation increme t ratio for SFA_rcp85 compared to SPA_m01 is 1.6,
which shows the vuln rability of the LMB are to inundation in future clim te change. The ratio of
SFA_rcp85_c2 for future inundation is also critical c mp red to the present situation.
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One of the limitations of the study is that the flood assessments were only based on precipitation
outputs of MRI-AGCM3.2S for the RCP8.5 scenario, rather than several GCM or AGCM outputs.
Furthermore, consideration of other RCP scenarios would be beneficial for policy-makers and river
engineers to foresee future flood threats of different intensities. Different flood projections may result
if several GCM outputs are considered. In the case of flood risk assessment, fine resolution inundation
model would be beneficial to identify the floods more precisely. Unfortunately, this study had to limit
the resolution of the inundation model to 2 km because running large-scale and long-term inundation
simulations are still computationally expensive. In future research, it would be important to consider
several AGCMs’ outputs and other RCP scenarios, as well to view the future anticipated floods in the
LMB in a broad way.
6. Conclusions
The use of climate and hydrological models to better understand extreme floods is an important
method and widely used in the context of climate change impact studies. We adopted a methodology
to utilize global-, regional-, and local-scale models to produce future floods under extreme climatic
conditions. The impact of climate change on hydrological features in the LMB in the cross-boundary
region of Cambodia and Vietnam was analyzed by feeding MRI-AGCM3.2S precipitations projected
for the present and the future into two distributed hydrological models. The obtained results are
alarming and provide useful information for policy-makers and river engineers to understand future
extreme floods. Moreover, the results enable comparisons between present and future extreme floods
considering different hydrological aspects of floods, such as inundation area, inundation volume,
cumulative rainfall, and specific discharge. The results indicate a significant increase in flood severity
in the LMB, predicting extreme floods possibly disastrous to the paddy cultivation in the MD area,
which accounts for more than 50% of the rice production in Vietnam [68]. Although studies have been
conducted in the recent past on the climate change impact on the Mekong Basin, they have limited
the discussion to river runoffs. In the present study, we focused not only on river runoff, but also
inundation extent. The hydrological analysis was conducted based on the 25-year bias-corrected
precipitation datasets of the present and future. In the case of the future, we used four datasets of
the RCP8.5 scenario considering different SST boundary conditions. The 2 km-resolution RRI model
developed for the LMB area is a rather fine-resolution model applied to the Mekong Basin compared
with those used in past studies. Due to the fine resolution of the inundation model, the obtained
flood depths and distributions should be beneficial to understand the possible flood damage in the
future. According to the obtained results, the increment ratios of averaged flood area in the future
compared to that in the present are 1.34, 1.26, 1.35, and 1.24 for the SFA_rcp85 and the other three cases,
respectively. The specific inundation volumes for different cases were also estimated and presented
in this study. Those estimates are useful indicators to understand future extreme flood events in the
LMB basin. Further research should be conducted to analyze flood risk in the LMB considering other
AGCM outputs and other emission scenarios. The present study can be considered as the baseline for
future studies on the LMB for extreme floods and their impacts.
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